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Abstract—Concurrent graph query (CGQ) processing has
been used to solve a wide range of graph applications. By
analyzing real-world workloads of CGQs, we observe significant
repeated computations among the queries. In this work, we
present KGraph, a novel graph processing memoization engine
to efficiently handle CGQs on large graphs by performing
memoization on graphs. However, the efficacy of memoization in
optimizing CGQs on large graphs is constrained by substantial
computational and memory overheads, coupled with the potential
amount of sharing opportunities. Thus, we develop two novel
approaches in KGraph to address the memoization overhead.
First, we develop a fine-grained memoization method, which
only maintains query results within their associated graph
partitions. This approach not only reduces the overhead but
also enhances the potential for sharing. Secondly, we selectively
perform memoization on pivotal queries, those with a high
likelihood of promoting substantial computation sharing among
CGQs, while avoiding the excessive overhead associated with
managing unnecessary memoization across a large number of
queries. We comprehensively analyze KGraph’s performance
using five popular CGQ applications. Experimental results show
that our system achieves an average speedup of 4.2x over the
state-of-the-art CGQ systems.

Index Terms—memoization, concurrent graph query, query
processing

I. INTRODUCTION

Concurrent Graph Query (CGQ) processing is an emerging
processing paradigm in graph analysis, particularly when
applications necessitate the simultaneous processing of mul-
tiple graph queries. For example, a large number of random
walks need to be generated to feed downstream applications
such as DeepWalk [34], Personalized PageRank (PPR) [36],
and Ant Colony Optimization (ACO) [13]. Separately, in a
more practical context, services like the Grab taxi-hailing
in Jakarta launches over 1.5K Single-Source Shortest Path
(SSSP) queries per minute during peak hours, as shown in
Figure 1.

Processing CGQs presents significant computational chal-
lenges, often becoming the bottleneck in graph analysis. For
instance, a study by Akiba et al. [2] reported that executing a
few batches of 1,024 concurrent SSSP queries, as part of pro-
cessing Pruned Landmark Labelling, accounted for over 99%
of the total execution time. Similarly, the execution of a large
number of random walks represents a significant bottleneck
in numerous graph neural network training applications, as
evidenced in various studies [39]. This has spurred increasing
interest in enhancing CGQ processing efficiency [30], [37],
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Fig. 1: Hourly distribution of taxi hailing in Jakarta during the
first week of June 2021 (average number per minute).

[42], with a primary focus on exploiting the sharing oppor-
tunities among CGQs. The state-of-the-art, ForkGraph [30],
optimizes spatial sharing of cache. It does this by employing
graph partitions that fit into the last-level cache (LLC), thus
reducing cache misses. Graph operations are executed in a
coordinated fashion, grouping memory accesses according to
the partition currently in the LLC.

While existing works exploit resource sharing opportunities
such as cache, our experimental study reveals that a substantial
portion of the computations during the processing of CGQs
are repeated. We experimentally execute 100 SSSP queries
from randomly selected source vertices on five scale-free
graphs generated using R-MAT [8] and we have the following
observations in terms of the potential sharing opportunities.
First, given an edge e that belongs to the results of an arbitrary
query, the chance of e belonging to the results of another query
is around 90%. Second, more than 10% edges in the results
of CGQs belong to the results of at least 90 queries. In our
collaboration with Grab, the Grab taxi hailing service, as illus-
trated in Figure 2, demonstrates analogous findings. Here, we
observed that numerous queries share identical pickup points
and an even greater number of queries have pickup points
in close proximity to each other. Both observations render
significant sharing opportunities for computation results.

Based on our observations, we propose a novel memoization
engine named KGraph to exploit the computation sharing
among CGQs. Memoization is a widely-used technique to
avoid repeated computation. The fundamental idea applied in
this paper is to process some of the queries, memoize the
results that can be used by other queries, and then process
the rest. While processing a query, we check if the query can
reach any memoized results and then reuse them if so. In such
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Fig. 2: Top intersections visited by Grab taxis in the first ten
seconds during morning and evening rush in Jakarta.

cases, the memoized queries are taken as the subproblems of
the query to process. The application of memoization thus
prunes repeated graph operations and reduces random memory
accesses in the processing. For example, if a query g, visits
a vertex that is the source vertex of a query ¢, that has been
processed with its results memoized, the processing of g, can
potentially benefit from the results of ¢, [5], [22].

However, we observe that memoization can sometimes re-
sult in significant overhead and lead to degraded performance
on large graphs because the operation reduction ratio is low
and the overhead of scanning the memoized results offsets the
reduction benefit. Specifically, a hand-tuned program achieves
2.3x speedups by memoization when handling 1,000 SSSP
queries on a small-scale graph with 10K edges, whereas the
same program exhibits a 20% performance degradation on a
larger graph with 100M edges compared to the processing
without memorization. Achieving the same level of memo-
ization benefits becomes more challenging for an equivalent
number of queries when dealing with larger graphs.

We propose two novel approaches to improve the efficiency
of KGraph. First, we develop a fine-grained memoization on
the partitioned graph and a cost model to determine the
granularity of graph partitioning. To improve the memoization
effectiveness and achieve better locality within a partition,
KGraph only processes and memoizes query results within
the partition where they are located. Consequently, the size
of the graph partition emerges as a crucial tuning parameter,
prompting us to develop a cost model specifically designed
to configure this parameter. Second, we propose to select
pivot queries to memoize since the results of these queries
have a higher chance of being reused by CGQs, which thus
helps to reduce more graph operations. Instead of directly
finding the sharing opportunities among CGQs, we leverage
the sharing opportunities between CGQs and memoized pivots
with higher sharing opportunities. We have evaluated multiple
pivot selection strategies to improve the chance of sharing. We
further devise a decision tree-based model that leverages graph
features to find the best configuration for pivot selection.

KGraph is designed to ease the implementation of memo-
ization for CGQs by providing a few high-level application

programming interfaces (APIs). Users only need to program
the sequential algorithm and KGraph automatically parallelizes
it with memoization enabled. We use KGraph to implement two
types of graph algorithms: (1) The traversal-based algorithms,
which include SSSP, SSWP (single-source widest path) and SSR
(single-source reachability); (2) The random walk-based algo-
rithms, such as DeepWalk and PPR (Personalized PageRank).
We experimentally compare KGraph! with the state-of-the-
art concurrent graph processing framework, ForkGraph [30].
We evaluate KGraph using the five applications mentioned
above as well as a case study with Grab real workloads. The
experimental results show that KGraph achieves up to 12.5x
speedup with an average speedup at 4.1x over ForkGraph.

The remainder of this paper is organized as follows. Sec-
tion II provides an introduction to the background of CGQ and
memoization. Section III presents the motivations behind this
work, followed by an overview of KGraph in Section IV. The
details of memoization on graphs are discussed in Section V.
Experimental results and a case study using Grab’s real
workloads are presented in Section VI. Finally, related work
is reviewed in Section VII, and the paper is concluded in
Section VIIIL.

II. BACKGROUND
A. Preliminaries

We define a graph G = (V, E) as a directed graph, where
V and E represent the sets of vertices and edges, respectively.
An undirected graph can be modeled as a directed graph by
replacing each undirected edge with two directed edges, one
in each direction. The vertex partitions of a graph are denoted
by P, and the number of partitions is represented as |P]|.

Concurrent graph queries (CGQs). CGQs are essen-
tial in many graph applications such as Betweenness Cen-
trality(BC) [15], [41], PLL [2], Ant Colony Optimiza-
tion(ACO) [13], single-source k-shortest path [48], and ma-
chine learning on graph using random walks [18], [34]. These
applications launch finite independent queries from different
source vertices on the same graph [2], [13], [18], [21], [34],
[48]. We use set Q@ = {q1,¢2,...,qq|} to denote CGQs, a
set of homogeneous graph queries that are simultaneously
launched from |@)| source vertices on the graph G. Besides,
we also define a set of pivot queries H = {hy,ha,..., At}
launched from £ vertices on the same graph G. The pivot
queries are selected to assist the application of memoization.
We will give more details of them in Section V.

B. Memoization

Memoization is an optimization concept used primarily to
speed up computer programs by storing the results of expensive
processes. Although memoization also stores useful results for
reuse, it is fundamentally different from the caching techniques
such as buffering [4], [30], [54]. A caching technique tends
to buffer raw data that would be frequently accessed, while
memoization emphasizes storing the processed results.

'The source code is available at https:// github.com/Gawssin/ KGraph.
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In previous studies, the memoization technique is mainly
used for processing queries where the intermediate results of
the query are memoized in the scope of the entire graph [10],
[24], [45]. In contrast, KGraph is the first graph processing
memoization engine for designing memoization within graph
partitions to support CGQs on large graphs.

A graph query ¢ can be represented as a tuple (S,U, W).
S(Source Vertices) denotes the set of vertices from which
the query is initiated. These vertices are akin to the “starting
points” in various graph algorithms such as SSSP or a specific
vertex in a Random Walk. U(Visited Vertices) is the set of
all vertices that are visited or processed during the execu-
tion of the query. This includes all vertices that potentially
influence or are influenced by the computation initiated from
S. W(Workload) is a quantifiable measure representing the
total computational effort during the query execution, typically
measured as the total number of vertex updates.

Definition 2.1: A graph query is considered memoizable if
it adheres to the following criteria:

1) Initiation: S # @. The set of source vertices S must
be non-empty. This criterion ensures that the query is
initiated from a well-defined subset of vertices in the
graph, distinguishing it from global graph computations
like Triangle Counting [44] which do not start from
specific vertices.

2) Overlap Computation: For any two memoizable queries
g = <51,U1,W1> and ¢» = <SQ,U2,W2>, the inter-
section of their visited vertices U; N Us # @. This
overlap signifies that there is shared computation between
the queries, making the memoization of their results
potentially beneficial.

3) Workload Reduction: The combined workloads of ¢; and
g2 (i.e., Wi 4+ Wy) should be reducible by leveraging
memoized data from the intersecting set U; N Us. This
implies that reusing previously computed results for the
overlapping vertices should decrease the overall compu-
tational effort required when these queries are evaluated
concurrently.

Applicability. As far as we know, there are a significant
number of concurrent graph query problems that have proven
memoizable and can generally be categorized into three types:

» Queries satisfying the graph triangle inequality [22]. For
any three vertices u, v, and w, the graph triangle inequality
is expressed as property(u,v) ® property(v,w) *=
property(u,w), where property could be any metric
between two vertices. An example is the Single Source
Shortest Path (SSSP), where dist(u,v) + dist(v,w) >
dist(u,w) holds, with di st representing the shortest path
distance. For such queries, memoization can be employed
to precompute property(v, %), thereby reducing the com-
putations for property(u, w). Representative applications
include SSSP, SSWP, SSR, Viterbi [26], and Radii estima-
tion [35].

» Queries with optimal substructures. Many graph prob-
lems, akin to dynamic programming, exhibit optimal sub-
structures, implying that an optimal solution to a graph
problem can be constructed from optimal solutions to its

subproblems. These subproblem solutions can be reused
across different queries. Notable algorithms displaying this
property include Minimum Spanning Tree (MST) [17] and
Steiner Tree [7].

» Vertex-centric index-based query optimization. Several

methodologies construct sophisticated indices capturing
multiple layers of neighborhood information around a ver-
tex, which are extensively used in graph databases such as
JanusGraph, Neo4j, ArangoDB, and Aerospike for query
optimization. In graph analysis tasks, such as subgraph
matching, these indices facilitate the rapid and accurate
identification of subgraph structures by filtering out non-
matching parts of the target graph [28], [38].

C. Examples of Memoizable Queries
Here we discuss two examples of memoizable queries.

Minimum Spanning Tree (MST). In the MST problem, the
objective is to determine a subset of edges that connects all
vertices in the graph, ensuring there are no cycles, while
minimizing the total weight of the edges. When multiple MST
queries are initiated concurrently from different parts of the
graph, there is a high likelihood of overlapping subgraphs. For
instance, consider two MST queries ¢; and g starting from
different vertices but covering overlapping regions U; and Us
of the graph. The application of memoization can be perfomed
as follow:

¢ Memoizing Subtrees: As each MST query progresses,
it computes optimal subtrees for subsets of vertices.
By storing these subtrees in the memoization storage,
subsequent queries that require these subtrees can retrieve
them directly, avoiding redundant computations.

« Reducing Workload: The workloads W; and Wy for
queries ¢1 and g2 can be significantly reduced by reusing
memoized subtrees corresponding to Uy N Us.

e Dynamic Programming Integration: Since MST algo-
rithms like Kruskal’s and Prim’s inherently use greedy
strategies that build upon optimal substructures, memo-
ization aligns well with their computation models.

Subgraph Matching. Subgraph matching involves finding all
occurrences of a query graph within a larger target graph.
Algorithms like TurboISO [19] utilize indices to accelerate
the matching process. The application of memoization is as
follow:

« Index Memoization: When processing subgraph matching
queries, indices such as adjacency lists, degree sequences,
or more complex neighborhood signatures are computed.
By memoizing these indices, subsequent queries that
require the same or similar indices can reuse them.

« Filtering Candidates: Memoized indices can help quickly
eliminate vertices that cannot be part of the match,
reducing the search space and computational overhead.

o Concurrent Queries: In scenarios where multiple sub-
graph matching queries are executed concurrently, mem-
oization ensures that common computations are not re-
dundantly performed.



III. MOTIVATION

CGQs can perform repetitive operations since they are
homogeneous and execute on the same graph. Motivated by the
intuition, we conduct extensive experiments to study whether
we can accelerate CGQ processing by memoizing results of
completed queries to facilitate unprocessed queries. We select
concurrent SSSP queries as representative workloads because
SSSP is the typical traversal-based query and concurrent SSSP
is one of the most used benchmarks for CGQs [30], [46]. We
obtain similar observations from other CGQ workloads such
as SSWP, SSR, and random walks.

Settings. We design and implement two approaches to exam-
ine the impact of memoization. Following existing CGQ pro-
cessing methods [30], [46], a hand-tuned baseline assigns each
query in a set ¢ of SSSP queries to a CPU core and executes
them simultaneously without memoization. In contrast, the
approach with memoization executes a set )’ of queries, called
memoized queries, and stores their results before executing
Q. The result of query ¢’ € @' is an array recording the
path distances from the source u, to other vertices. When the
processing of query g € @ reaches uy/, we reuse the memoized
results of ¢’ as follows: update the path distances from
ug to another vertex w if dist(ug,uq) + dist(ug,u) <
dist(ug,u) (i.e., the current distance from w, to u is greater
than that via u, ). Reusing ¢’ prunes invalid distance update
operations and reduces random memory accesses, while the
overhead lies in scanning the result of ¢/, whose size is |V|.

We execute those queries on a set of real-world and
synthetic graphs to assess their performance on graphs with
variant properties. Particularly, for the real-world graph, we
extract the Jakarta city map of 3.9M vertices and 4.2M
edges from OpenStreetMap 2, and we use the pick-up locations
of the actual Grab taxi hailing service during peak and off-peak
hours as the source vertices for queries. For synthetic graphs,
we use a widely used graph generator, R-MAT [8], to generate
five scale-free graphs®. The number of edges scales from 10K,
100K, 1M, 10M, to 100M. Given an edge, we generate a value
from 1 to 1,000 uniformly at random and set it to the edge
weight. The source vertex for synthetic graphs in both @) and
Q' is selected uniformly at random from the graphs.

A. Profiling Results

Memoization speedup. We set |Q] (i.e., the number of CGQs)
to 1000 and vary |Q’| (i.e., the number of queries whose results
are memoized) from 2 to 128. Figure 3 presents the speedup
of the hand-tuned implementation with memoization over the
baseline in terms of the execution time of (). We can see
that the speedup grows with the number of memorized queries
increasing on graphs with 10K and 100K edges. However, the
performance of the approach with memoization degrades on
Jakarta and graphs with the size scaling from 1M to 100M,
and more memoized queries result in worse performance.

2https://www.opc:nstreetmap.org/
3=05,b=c=0.1
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Fig. 3: The speedup of the memoization method with the
number of memoized queries varying from 2 to 128.

Micro-benchmarks. To thoroughly understand the degrada-
tion of memoization on large graphs, we design three micro-
benchmarks to further profile the workload.

Operation Reduction Ratio Distribution. SSSP updates the
distance from the source vertex to other vertices in a greedy
manner. As such, we use the number of distance update
operations to measure the workload of a query. Let w and
w' represent the workload of a query without and with mem-

oization. The operation reduction ratio r is equal to

Figure 4 illustrates the operation reduction ratio distribution of
the 1,000 queries with 32 memoized queries. As shown in the
figure, the ratio on small graphs is much higher than that on
larger graphs. Specifically, the ratio of around 100 queries on
the graph with 10K edges is above 0.9, whereas the ratios of
all queries on the graph with 100M edges and Jakarta are
both below 0.1. Consequently, the overhead of memoization
on large graphs offsets its benefit, and results in the degraded
performance in Figure 3.
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Fig. 4: The operation reduction ratio distribution of 1000
CGQs with 32 memorized queries.

Total Operation Reduction Ratio Distribution. We further
examine the impact of each individual memorized query
¢ in terms of the fotal operation reduction ratio: s =
2qeq(Wq — wy

ZQEQ “q
g without and with memoized query ¢, respectively. Figure 5
presents the total operation reduction ratio distribution of the
32 memoized queries when executing 1,000 CGQs. The impact
of memorized queries varies greatly. While many queries have
a reduction ratio of less than 2%, there are queries with
remarkably high reduction ratios between 4% to 16%.

Query Result Overlapping Distribution. SSSP finds the
shortest path from the source vertex to all vertices. If the re-
sults of queries in ) are highly overlapped, then those queries

where w, and w;, represent the operations of
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Fig. 5: The total operation reduction ratio distribution of 1000
concurrent queries with 32 memorized queries.

incur a substantial number of repetitive operations. Therefore,
we examine the query result overlapping distribution to exploit
the problem. Specifically, given ¢ € (), we generate the
shortest path tree [14], which consists of the shortest paths
from the source vertex to each vertex. Given a set () of CGQs,
X 1is the set of edges in at least one shortest path tree of queries
in (). We measure the query result overlapping distribution
as the percentage of edges in X that belong to at least T’
distinct shortest path trees with 2 < T' < |@Q|. As constructing
shortest path trees for 1,000 queries on large graphs is time-
consuming, we randomly select 100 queries from the 1,000
queries as representatives. Figure 6 presents the query result
overlapping distribution with 7" varied from 2 to 100. Around
80% of edges in X appear in at least two distinct shortest path
trees. The value is higher on large graphs than that on small
graphs. On the real-world graph Jakarta, the ratio even
reaches 99% and remains stable as 7" increases. In other words,
the queries on large graphs have a strong locality though the
overall operation reduction ratio is low.
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Fig. 6: The percentage of the number of edges in z that belong
to at least ¢ distinct shortest path trees.

B. Observations and Implications

We make three important observations from the profiling
results:

Observation 1. Memoization shows degraded performance on
large graphs because the operation reduction ratio is low
and the overhead of scanning the memoized results offsets the
reduction benefit.

Observation 2. The impact in reducing redundant operations
varies significantly among different memoized queries.

Observation 3. The query results on large graphs are still
heavily overlapped among CGQs.

The observations lead to the following implications for the
design and implementation of an efficient memoization engine
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Fig. 7: Overview of KGraph.

for CGQs. First, the memoization technique is non-trivial
for large graphs but there are still substantial computation
sharing opportunities. Second, storing the complete result of
a “memoized” query leads to prohibitive overhead on large
graphs. Third, the memoized queries should be carefully
selected to improve the reduction ratio.

IV. OVERVIEW OF KGRAPH

As shown in Section III, the baseline approach of mem-
oization slows down the CGQ processing on large graphs.
To this end, we propose KGraph, an efficient memoization
engine for CGQs, with two major optimizations for efficiency.
The first optimization is partition-based memoization with
adaptation (Section V-A), which imitates the memoization on
small-scale graphs to reduce the overhead of scanning the
memoized results. The second optimization is on effective
pivot query selection (Section V-B), which pre-selects pivot
queries that have a high operation reduction ratio to other
CGQs. We provide the technical details of these optimizations
in Section V.

Graph processing system. Figure 7 shows the system ar-
chitecture of KGraph. KGraph takes the in-memory graph
data, a user-defined memoization function and a sequential
algorithm as inputs. The system exploits the embarrassingly
parallelizable workloads among CGQs by allocating one CPU
thread per query and automatically parallelizes the CGQ
processing efficiently with memoization enabled. The three
major components are listed as follows.

Memoization engine. To process every single query, the
sequential program provided by users through the given APIs
will be executed. While processing, the memoization engine
checks if any pivot vertex is reached that could potentially
reduce the workload, reusing its results if applicable. The
process includes efficiently scanning the memoized results and
calling the update functor of memoization APIs. This update
adjusts the query’s context and switches to another operational
state for continued processing.

APIs. We put our efforts into easing the programming of
different applications on KGraph. However, we recognize
that the implementations of memoization vary significantly
for different CGQs. To this end, KGraph first extends the
APIs from ForkGraph [30] to ease the programming for CGQ



Algorithm 1 Execution Flow of KGraph on CGQ Processing

1: LOADGRAPHPARTITIONS()

2: Pivots <— PIVOTQUERYSELECTION(StrategyConfig)
3: INITMEMOIZATIONSTORAGE(Pivots)

4: processor <— KGraph(MEMOIZATIONFUNCTOR())
5: parallel_for_each ¢ € Q do

6:  processor.RUN(q)

7: procedure RUN(q)

8:  while ¢’s activated vertices set F' # & do

9: for_each f € F' do

10: if f € Pivots then

11: Perform MEMOIZATIONFUNCTOR(f) to update ¢
12: else

13: COMPUTE(f) to update ¢

processing. There are two key API functions, INITMEMO-
IZATIONSTORAGE and MEMOIZATIONFUNCTOR, that enable
users to define the logic of the system. The INITMEMOIZA-
TIONSTORAGE(Pivots P, ...) function initializes memoization
storage for each pivot in P, precomputing and storing reusable
data for future computations. Note that within this function,
the computation of distinct pivot queries can be naturally
performed in parallel, as building pivot query results is in-
dependent for each pivot vertex. Meanwhile, MEMOIZATION-
FuNcTOR(Pivot p) leverages the memoized data associated
with pivot p to efficiently update query results. Sample API
implementations for SSSP-based and random walk-based ap-
plications are provided in Algorithm 2.

Optimizer. Many factors affect the performance of KGraph in
handling CGQs. These factors include the partition size and
pivot query selection. We propose an optimizer in KGraph
to automatically tune the graph processing engine for high
performance.

The optimizer contains a cost model to estimate the perfor-
mance of CGQ processing on different graph partition sizes
and thus to guide the graph partitioning adaptively for different
graph inputs. Besides the cost model, we also train a decision
tree to generate high-performance configurations for pivot
query selection. The features used by the decision tree include
the number of vertices, edges, average degree, maximum
degree and a few others. The configurations generated by the
decision tree include two factors: the criteria of pivot query
selection and the number of pivot queries to memorize.

Overall execution flow. Algorithm 1 shows the overall ex-
ecution flow of KGraph on CGQ processing. To prepare
the application of memoization on graphs, we first load the
partitioned graph into KGraph (Line 1). Within each partition,
we select a few distinct vertices in each partition as the
source vertices of pivot queries as shown in Lines 2 and 3.
After preparation, KGraph initializes a processor instance by
integrating the memoization functor programmed by users in
Line 4 and executes the queries concurrently in Lines 5-6.
Procedure Run in Line 7 shows the process of how KGraph
executes a query. Basically, it checks if the query reaches
any pivot queries (Line 10) and reuses the memoization if
so (Line 11) or processes it directly if not. Note that we hide
some details in Algorithm 1: KGraph will first process the

pivot query if it has not yet been processed and memoizes the
results of the pivot query.

Comparison with Landmark-Based Algorithms. Landmark-
based algorithms are a class of methods used to estimate short-
est path distances by precomputing distances from selected
landmark nodes to all other nodes in the graph [16]. These
algorithms are effective for answering individual shortest
path queries in static graphs. Our memoization approach in
KGraph differs in several key ways:1) Concurrent Query Op-
timization: KGraph is designed to optimize the processing of
multiple concurrent queries by sharing computations, whereas
landmark-based algorithms focus on individual queries. 2)
Partition-Based Processing: KGraph partitions the graph to
localize memoization, reducing overhead and improving scal-
ability for large graphs. 3) Strategic Pivot Selection: We select
pivot queries based on their potential to benefit other queries,
enhancing the effectiveness of memoization compared to the
fixed landmarks in traditional methods.

V. MEMOIZATION ON GRAPH

In this section, we present the partition-based memoization
optimization that is used to reduce the overhead of performing
memoization on large graphs. We then talk about the strategic
pivot query selection, which lets KGraph memoize queries
that could contribute more to the processing of other queries.
Finally, we will discuss the applicability of memoization on
graphs for CGQ processing.

A. Partition-Based Memoization

As we observe in Section III, performing memoization on
small-scale graphs exhibits higher ratios of operations reduced
than that on large-scale graphs. It is because the computation
sharing is sensitive to locality. Except if a memoized query
starts from the same source vertex of a query ¢, which is rare,
the memoized results can only be partially used by ¢. Usually,
the closer the queries are, the more computation sharing they
have. As the queries are close to the memoized queries on
small-scale graphs, the ratios of operations reduced are high.

Benefits and overheads of memoization. The application of
memoized results consists of many memoization operations.
A memoization operation first reads one value from the mem-
oized result and updates the corresponding value of the query
that is being processed. We consider a memoization operation
useful when another query benefits from the result and reduces
its computation workload; the operation is wasted when it fails
to update the results of another query. It is wasted because
storing and checking the memoized results bring overhead
to the processing. For example, it takes O(|V|) memoization
operations when reusing the memoized results of one query
for a traversal-based query, such as SSSP, SSWP, and SSR.
As discussed in Section III, performing memoization shows
degraded performance on large graphs because the overhead
of scanning the results offsets the benefits.

We use an example of three SSSP queries on a graph with 11
vertices in Figure 8 as an example to demonstrate the benefits
brought (operations reduced) and overhead involved. In the
example, the source vertices of ¢; and ¢o are close, and the



Memoization
Query | Memoized Operations
Useful Wasted
1 92 9 1
a1 q3 4 6
a2 g1 0 10
a2 g3 4 6
q; g1 0 10
q3 q2 2 8

Fig. 8: The numbers of useful and wasted memoization oper-
ations when solving a single query.

Memoization
Query | Memoized Operations
Useful Wasted
g1 2 43 8 1
q2 91, 93 4 5
q3 91 492 2 7

Fig. 9: Partition the graph given in Figure 8 to reduce the
number of wasted memoization operations and maintain high
memoization effectiveness.

source vertex of gs is a bit far from them, located near the
center of the graph. In our setting, we analyze the condition
of executing one query given that another query has been
executed and memoized. We collect two factors in the table,
the numbers of useful and wasted memoization operations. A
higher number of useful memoization operations means higher
memoization effectiveness, which is computed as the number
of useful operations divided by the total number of operations.
On the contrary, a higher number of wasted operations means
a higher overhead involved.

When executing ¢q;, as the source vertex of ¢, is the only
way q; reaches other vertices, we reuse the memoized results
of g5 using graph triangle inequality [22] by simply adding a
unit weight to the results of g». Specifically, given the shortest
path and the distance from ¢ to any other vertex, denoted as
disg, (v), the shortest path starting from ¢; can be computed as:
dist(gi,v) = dist(ge,v) +1 if v # ¢, which implies
that only the distance dist(ge,q1) is wasted. As shown in
the first row of the table provided in Figure 8, ¢; could use
nine out of ten of the memoized results, which exhibits high
effectiveness.

However, if we memoize ¢3 instead, the effectiveness is
lower during the processing of ¢; and g» as the source vertex of
q3 is “far away” from the others. Nevertheless, the memoized
results of g3 exhibit a good locality that can help the processing
of g1 and ¢ on the four vertices located on the right side of
the source vertex of g3 in the graph.

Fine-grained memoization on graph partitions. To improve
the benefits and reduce the overhead of memoization on large
graphs, we proposed to imitate memoization on small-scale
graphs. We first divide the large-scale graph into partitions
and only perform memoization within partitions to make

the application of memoized results fine-grained. Instead of
memoizing the results of a query on the whole graph, we
memoize its partial results within the partition where its source
vertex is located.

We use the previous example given in Figure 8 to demon-
strate the effectiveness of the partition-based approach. We
divide the graph into two parts, as shown in Figure 9. Note that
we pick two queries to memoize in this example as we only
memoize the results within the partition. The two queries take
the same amount of memory space as picking one in Figure 8.

We observe that the wasted memoization operations can
be significantly reduced and the effectiveness has then been
improved. Specifically, the numbers of wasted operations for
g2 are 10 and 6 when memoizing ¢; and g3, respectively.
From another perspective, the memoized results of g3 can be
fully reused by the other two queries, which shows high effec-
tiveness. The partition-based approach reduces the number of
wasted operations to 5 while maintaining higher memoization
effectiveness than the baseline approach on average.

Adaptation for different graphs. We can expect that the
smaller the partition is, the higher the memoization effective-
ness would be because it is more fine-grained. However, we
also notice that smaller partitions mean more partitions to man-
age in real-time. Essentially, there are more workloads shifted
from intra-partition processing to inter-partition processing. As
a result, the fine-grained partition-based memoization brings
more workloads in practice, which could offset the benefits of
the high effectiveness achieved.

To address this issue, we present an adaptation solution with
a cost model in the optimizer to configure the partition sizes
for different graphs. Generally, the cost model estimates the
cost of intra-partition processing and the workload of inter-
partition processing via cross-partition edges. Given a graph,
the cost model takes the features of the graph (including |V|
and |E|) as inputs and then outputs a reasonable partition size.

Given that CGQs are processed independently, we analyze
the cost associated with a single query ¢(S,, Uy, W,) consid-
ering a set of pivot queries H = {hq, ha, ..., hi}. The overall
cost is then a multiple of the cost for this individual query.

Each pivot query h within H is characterized by three
metrics: (xp,, Work_Reduction;,, Memy,), where x; denotes
the source vertex. The metric Work_Reduction;, quantifies
the computational reduction achieved by hitting this pivot
and utilizing the memoized results, while Mem;, represents
the memory required to store these intermediate results. The
values for Work_Reduction;, and Mem;, are specified by the
application and will be further elucidated through two detailed
examples subsequently.

Partition Memory Constraint. In cache-efficient partition-
based graph processing systems [30], the graph data is divided
into partitions sized to fit LLC, with only one partition pro-
cessed at a time. When memoization is performed, results from
additional pivot queries are stored and frequently accessed.
To ensure cache-resident graph processing, the following con-
straint must be met:
B+ V| &
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where (|E|+ |V|)/|P| represents the size of the partitioned
raw graph data, such as memory for CSR storage in a partition.
The term k /| P| x Mempax accounts for the additional memory
overhead caused by memoization within that partition.

Memoization-Based Cost Function. The cost of evaluating a
query q in KGraph can be estimated as

W, +Scheduling_Overhead—Pivot_Hits x Work_Reduction,yg

subject to the partition memory constraint.

In this cost function, W, represents the inherent workload of
the application when evaluated using the fastest known sequen-
tial algorithm. The term Scheduling_Overhead includes the
costs associated with inter-partition processing, such as coor-
dination and status updates across partitions. In the worst case,
these costs can be bounded by W,, which represents the total
workload involved in inter-partition processing. The factor
Pivot_Hits, defined as Hit_Ratio x |U,|, quantifies the number
of times a pivot query is utilized, where Hit_Ratio represents
the likelihood of hitting a pivot. This ratio is influenced by
the number and in-degrees of selected pivot vertices, formally
> new degi (2 _ > nerr degin(zn)

> _vev degin(v) |E| ’

since a higher in-degree increases the likelihood that a pivot
will be hit during query evaluation. Here, deg;,(zp) is the
in-degree of pivot h. The Work_Reduction,,s = Wopcut —
Wieokup calculates the average computational reduction from
utilizing memoized results, where Wopc.: denotes the number
of operations actually saved by the algorithm. Memoization
incurs costs, as the pivot stores all intermediate results within
its partition, which are not tailored for specific queries. Upon
hitting a pivot, the system looks up these results to perform
useful memoization operations to update the ongoing query.
Typically, the size of these stored results, Mem .y, signifi-
cantly impacts Wi ookUp, and this impact varies across different
applications.

We categorize traversal-based algorithms like SSSP, SSWP,
and SSR, to have a complexity similar to SSSP queries.
The implementation for these and walk-based algorithms is
depicted in Algorithm 2. For these two types of algorithms,
one method to memoize data is to memoize the shortest paths
of k’-nearest neighbors of a pivot vertex and all fix-length
paths starting from the vertex respectively, which can be used
to measure Mem,,g and Wigokup. Wopcut for SSSP is derived
from the number of vertices within the memoized results that
are also children of the pivot in the shortest path tree of the
input query. Walk-based algorithms calculate Wopcyt using
reduced walk lengths. To enhance adaptability to various graph
structures, we employ a supervised machine learning model
trained on extensive data from different partition sizes and ap-
plications within KGraph. This model guides the partitioning
strategy for new graphs.

given by Hit_Ratio =

B. Strategic Pivot Query Selection

Based on the observation that some vertices contribute more
to the processing of other queries, we propose to involve
these important vertices and create a bunch of pivot queries
starting from them. Instead of exploiting the computation

sharing among CGQs, we are looking into whether a query
can leverage any results of the pivot queries. The pivot query
selection has the following two questions to answer. The first
question is what criteria should be used to select vertices as
source vertices for pivot queries. The second question is how
many pivots queries we should select to memoize.

Challenges for finding the optimal solution. The optimal
strategy for the pivot query selection is to find a set of pivot
queries that will minimize the workload for CGQ execu-
tion. However, achieving the optimal solution is challenging
due to the complexities involved. These complexities arise
from various factors, including the input graph’s structure,
the graph partition strategy, the algorithmic logic of user-
defined applications, and the distribution of source vertices
across the launched queries on the graph. Moreover, the effort
to identify the optimal strategy can adversely impact sys-
tem performance, resulting in increased latency and reduced
throughput which are both critical metrics in CGQ processing
systems [43]. Given these challenges, we opt for designing
selection strategies based on a series of heuristics. In practice,
these heuristics have proven effective, as evidenced by our
experimental results.

Heuristics for pivot query selection. As we see that some
queries contribute significantly more than others in Section III,
we intend to memoize these queries to improve the efficiency
of memoization on graphs. Empirically, high-degree vertices
are usually more important than others. However, as we
propose to use the partition-based memoization, we find that
selecting pivots according to the graph partitions could also be
effective. Therefore, in KGraph we use two criteria to select
pivot queries. One is the degree of a vertex (number of in-
coming edges), and the other one is whether the vertex is a
boundary vertex. Boundary vertices are defined as vertices that
have edges incoming from other partitions. Based on these two
criteria, we propose the following six strategies, S7-S6, which
cover most of the pivot selection approaches.

o SI: randomly select k vertices in each partition.

o S2: randomly select | P|k vertices on the graph.

o §3: randomly select k& boundary vertices in each partition.

e S4: sort vertices by degree and select the top k vertices
in each partition.

« S5: sort vertices by degree and select the top | P|k vertices
on the graph.

« S6: sort vertices by degree and select the top k boundary
vertices in each partition.

Number of pivot queries. In the strategies listed above, we
use k to denote the number of pivot queries selected for each
partition on average. We find that configurations of the number
of pivot queries that bring high performance greatly depend
on the graph structures. Specifically, we tend to select more
vertices on sparse graphs like road networks and select fewer
vertices when the graphs become denser.

We find that sparse graphs like road networks tend to
perform better when selecting boundary vertices as the source
vertices of pivot queries. The reason is that as boundary
vertices work like the gateways for partitions, all kinds of



graph processing must visit a boundary vertex at the time they
reach a partition. On a sparse graph, the number of boundary
vertices is small, and it does not bring huge memory cost even
if we select all the boundary vertices as pivots. For example,
around 10GB memoization space is required for the whole
US road network when memoization the results of queries at
boundary vertices, which is quite easy to be satisfied by a
compute node.

Differently, we tend to select high degree vertices as the
source vertices of pivot queries for dense graphs like social
networks. The reasons are listed as follows. First, memoizing
all queries at boundary vertices is not realistic as the total
number of boundary vertices is significantly larger than that
on a sparse graph. Second, the diameter of a dense graph is
generally small, and the boundary vertices are almost always
just one hop away from the large-degree vertices. Large-
degree vertices are more frequently visited than other vertices,
including the boundary ones. As it is not realistic to memoize
too many pivot queries, KGraph is tuned to select the top
2 — 10% of the vertices in each partition to be the source
vertices of pivot queries. In particular, the denser the graph is,
the lower percent of vertices are preferred.

Decision tree-based pivot selection. The graph structures,
including the numbers of vertices and edges, the maximum
degree of vertices, and other factors, affect the performance of
KGraph on CGQ processing. Instead of configuring the system
empirically, we propose a trained decision tree model in the
optimizer to automatically configure pivot query selection for
high performance in KGraph. The decision tree is trained on
a large space of data points collected by executing KGraph
on various graphs with different strategies for pivot query
selection. Notably, we prepare a few approaches, listed as
follows, to generate various graph data to avoid overfitting
during training.

e Vary the degree and abc parameters in R-MAT, with the
numbers of edges varying from 10K to 100M.

e Sparsify a real-world graph by sampling 10% — 50% of
the original edges randomly.

o Densify a real-world graph by creating 50 — 100% edges
between vertices randomly.

For each graph data generated, we thoroughly run KGraph
with various configurations of pivot selection strategies and
different numbers of pivot queries. We extract the features
mentioned above from every graph data and we take the
configurations that generate the best performance on every
graph to be the training targets.

V1. EVALUATION
A. Experimental Setup

Hardware configuration. We conduct experiments on a Linux
server with a 32-core AMD EPYC™ 7543 CPU at 2.8GHz
with hyperthreading disabled (LLC size: 256MB). The main
memory is 256GB. All implementations are compiled using
g++ 7.5.0 with the —03 optimization flag and OpenMP
enabled.

TABLE I: Input graphs (d: average degree).

Graph Source #V #E d Memory |P|
Ca California [11] 1.9M 4.6M 2.4 0.03GB 4
Us USA [11] 23.9M 57.7M 24 0.39GB 7
Eu Europe [3] 509M  108.1M 2.1 0.78GB 9
Lj LiveJournal [27] 4.8M 87.5M  18.0 0.36GB 11
or Orkut [27] 30M 117.IM 381  046GB 12
Tw Twitter [25] 61.6M 1.5B 238 5.93GB 64
Fr Friendster [27]  124.8M 1.8B 145 7.66GB 72
Uk UK-Union [6] 133.6M 55B  41.0 21.39GB 128

Algorithm 2 Example Interface Implementation for Two
Types of Applications

# SSSP
procedure INITMEMOIZATIONSTORAGE(Pivots P, Memoized-
Size k)
parallel_for_each p € P do
D < Find k nearest vertices from p within the partition of p
for_each v; € D do
Mp,.push(< v;, distance,[v;]>)
procedure MEMOIZATIONFUNCTOR(Pivot p)
for_each < v;, distance,[v;]> € M), do
distance[v;] <— min(distance,[v;] + distance[p], distance[v;])

# RandomWalk
procedure INITMEMOIZATIONSTORAGE(Pivots P, Length [)
parallel_for_each p € P do
M, < All paths with the length [ starting from p and the
corresponding probabilities.
procedure MEMOIZATIONFUNCTOR(Pivot p)
Perform a weighted sampling of a path w from M,
Append the path w to the walk path
walkLength < walkLength — 1

Implementation Overview. KGraph uses the codebase from
ForkGraph [30] because it is the state-of-the-art programming
system targets processing CGQs. ForkGraph proposes a cache-
efficient buffer execution model to manage operations of graph
queries. KGraph reuses all the features designed for handling
CGQs provided by ForkGraph and injects the memoization
features into the intra-partition processing part. First, KGraph
manages the memoization storage by using a pre-allocated
space to store memoized results and uses a hash-based lookup
table to locate the corresponding data quickly. Second, KGraph
re-designs the functors in ForkGraph to allow them to include
the functors to check the availability of memoized results and
to reuse them.

The optimizer in KGraph consists of the decision tree-
based model for pivot query selection (Section V-A) and a
cost model for adaptive partition (Section V-B). Specifically,
given different query types and the input graph, the cost model
generates the suitable partition size; the decision tree takes the
highest degree of vertices, the average degree, the numbers of
partitions, vertices, and edges as the input features to generate
the following configurations: 1) pivot selection strategies (S1
to S6), and 2) the total number of pivot queries. We use
the numbers of partitions |P| provided by the cost model, as
shown in Table I, for each graph data.

Comparisons. Our study involves a comparative analysis of
KGraph against ForkGraph [30] and Glign [49]. ForkGraph
is the state-of-the-art graph processing systems for handling
CGQEs, and it has been previously shown in [30] to signifi-



cantly outshine counterparts such as Ligra [35], Gemini [56],
and Graphlt [51]. On the other hand, Glign stands as a leading
method specifically optimized for concurrent traversal-based
queries on power-law graphs. Glign demonstrates remarkable
performance advantages over other concurrent graph process-
ing systems, including GraphM [52] and Kiill [9]. Since Glign
does not support random walk-based applications, we have
excluded it from the corresponding comparison.

We measure the time required for each system to complete
the processing of CGQs. The measurement excludes the time
spent on partitioning the graph or reading data from the disk,
as the focus is on optimizing in-memory computation. Note
that the time spent on memoization is included for KGraph,
as it is an integral part of the runtime execution.

Applications. We evaluate the performance of KGraph and
ForkGraph on five CGQ applications, SSSP, SSWP, SSR,
DeepWalk, and PPR. The example interface implementation
can be found in Algorithm 2. To better illustrate the APIs,
we use the implementation for random walks as an example.
The INITMEMOIZATIONSTORAGE function takes pivot ver-
tices and an integer [ as inputs. For each pivot, it computes
and caches all paths starting from that pivot with lengths
up to [, along with their corresponding probabilities. The
MEMOIZATIONFUNCTOR function then utilizes these cached
paths by performing weighted sampling based on the stored
probabilities to select and return a path. This approach allows
for avoiding numerous random number generations and cache
misses that typically occur when accessing graph structures
step-by-step during random walks.

We configure the five applications as follows.

o SSSP, SSWP, and SSR: we randomly sample a batch of
512 vertices as the source vertices for each test case. All these
queries are submitted together.

o DeepWalk and PPR: we randomly sample a batch of
1,000,000 vertices as the source vertices for each test case.
The walk lengths for both are set at 1000, with a damping
factor of 0.85 for PPR.

Datasets. For the synthetic graphs, we use R-MAT to generate
30 graphs of varying scales and densities, as detailed in Table.
IV. Besides, we select 8 real-world graphs as listed in Table I.
These datasets are publicly available, and they are widely used
in the existing works [35], [51], [56] to benchmark algorithms
and frameworks. Following the experimental methodologies
in [35] and [12], weighted graphs are generated by assigning
edge weights uniformly at random from the range [1,log|V]).
The datasets are classified into three categories: Ca, Us, and
Eu represent road networks; Lj, Or, Tw, and Fr denote social
networks; and Uk corresponds to the web graph. By default,
graph partitioning is conducted using METIS [23]. However,
for Tw and Uk, chunk partitioning was employed because
METIS ran out of memory during runtime.

B. Optimizer Evaluation

The optimizer contains two components, the cost model for
graph partitioning and the decision tree for pivot selection
strategies. To demonstrate that our optimizer is accurate for
picking high-performance configurations for KGraph, we first
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Fig. 10: The actual execution time and estimated time of
solving concurrent SSSP queries using different partitions
sizes. The results are all normalized to the shortest execu-
tion/estimated time.
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Fig. 11: The visualization of the hybrid decision tree trained
in KGraph.

compare the estimated execution time generated by the model
with the actual execution time of KGraph. We then give the
visualization of the decision tree model trained in this work to
show that it is able to capture the graph structure for generating
high-performance configurations.

Figure 10 plots both the normalized actual execution time
and estimated execution time of solving concurrent SSSP on
two representative graphs. We can see that the model can
capture the trends of the changes in execution time though it
cannot find the optimal number of partitions for every graph.
Therefore, we can leverage the trend estimated by the model
to configure KGraph for high performance.

We draw the decision tree trained in KGraph in Figure 11
based on the visualization exported from the model. The
decision tree in this figure is designed to model a hybrid task
[55], where both classification and continuous estimation are
required. The “Strategy” represents a classification decision
at each node, assigning a discrete strategy (S5, S6, etc.).
The “Pivot” value represents a ratio or percentage output that
serves as a secondary continuous prediction at each node. We
used a hybrid decision tree because the system requires both
a classification (which strategy to apply) and a continuous
adjustment (pivot ratio) to optimize the decision process. The
tree outputs these values in tandem, with the strategy guiding
the primary decision and the pivot providing an accompanying
continuous adjustment.

From Figure 11 we observe that the decision tree firstly
captures the density of a graph in the first level. Specifically,
for graphs with low average degrees (AvgDegree < 13.573
in this case), we can get the configuration of Strategy =
S6, Pivor=100%, which represents the strategy of selecting

Strategy = S6, Pivot=100%

Strategy = S5, Pivot=2.7%)




TABLE II: Overall speedups of KGraph over ForkGraph and Glign (OOT / OOM: Ran out of 3 hours / 256GB memory).

Dataset SSsp Sswp SSR DeepWalk PPR
ForkGraph| Glign | KGraph [ForkGraph| Glign | KGraph [ForkGraph] Glign | KGraph [ForkGraph] KGraph |[ForkGraph] KGraph
Ca 76.8' s | 0.31x 6.45% 45.6 s | 0.46x% 7.08% 409 s | 0.75x | 4.00x 738 s 1.69x 87.1s 2.06 %
Us 1115.8 s | 0.27x 3.47x 690.5 s | 0.57x 3.89% 1001.8 s | 1.63x | 4.51x 73.6 s 1.56 % 833 s 1.63x
Eu 2307.1 s | 0.38x 5.51x 1896.7 s | 0.93x 7.05% 2030.2 s | 0.93x 7.44x 728 s 1.45% 71.4 s 1.65x
Lj 2333 s | 5.53x% 6.48x 2609 s | 8.57x | 12.59x% 121.8 s | 7.30x 8.15% 919 s 1.23x 743 s 1.24x
Oor 854 s | 1.28x 5.29x 1152s | 1.54x 6.46 % 424 s | 1.05x | 4.74x 98.9 s 1.41x 86.1 s 1.83x
Tw 24743 s | 3.51x 3.54x 3130.8 s | 5.39x 6.99x 1178.1 s | 4.14x 3.55% 1094 s 1.23x 955s 1.26%
Fr 13639 s | 1.70x 9.35x% 1819.1 s | 2.21x 13.69x 4799 s | 1.21x | 4.50x 88.1s 1.41x 91.6 s 2.34 %
Uk OOT | OOM | 1731.6 s OOT | OOM | 1929.8s | 6032.1 s | OOM | 8.29x 1250 s 2.75x | 110.7 s 2.55%
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Finding (1) : KGraph significantly outperforms the state-of-
the-art concurrent graph processing frameworks.

We summarize the overall speedups of KGraph over Fork-
Graph in Table II. First, KGraph demonstrates superior per-
formance in traversal-based queries such as SSSP, SSWP, and
SSR, outshining ForkGraph in all cases with up to 12.5x
speedup and an average of 5.9x. While KGraph exhibits
comparable results to Glign, which is tailored for traversal-
based queries on power-law graphs, it significantly outper-
forms Glign in road network scenarios, aligning with findings
reported in [49].

Second, we notice that KGraph almost doubles the speeds
when processing random walk queries on road networks but
only shows around 20% performance improvement on social
networks. The reasons are listed as follows. 1) The strategy
of selecting boundary vertices as the source vertices of pivot
queries on road networks can cover 100% of the paths that
route from outside to the inside of the partitions. However, it
is not realistic to use the same strategy on social networks
because the number of boundary vertices is large. 2) The
random walk queries are relatively simple. In the partition-
based processing of KGraph, the cost of processing random
walk is remarkably close to the memory access of reusing
memoized results. Memoizing additional boundary vertices
results in increased memory usage, and therefore, which in
turn leads to more LLC misses due to the random visiting
of pivots. Fortunately, social networks typically have much
smaller diameters compared to road networks. High-degree
vertices that are memoized are revisited more frequently than
others, making KGraph perform better than ForkGraph in such
scenarios.

Num of Partitions (L 7)

Fig. 12: Speedups of KGraph over Forkgraph using different
partition sizes.
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Fig. 13: Speedups using different partitioning methods.

D. Effects of Graph Partitioning

Finding (2) : The configurations of graph partitioning
generated by the optimizer in KGraph generally make it run
at a good performance as shown in Figure 12, 13 and 14.

In this part, we analyze the effects of partitioning the graph
into varied sizes and adopting different partition methods.
We select a road network case and a social network case to
present the results for simplicity. The numbers of partitions
used for these two graphs in Table II are 7 and 11, respectively.
In our testing, we vary the number of partitions from 2 to
256 to analyze the trend of performance changes. The graph
partitioning is done using METIS [23].

First of all, from Figure 12 we can see a trend that KGraph
has a good performance when there are not many partitions
(< 8) and the performance becomes poor when there are
too many partitions (> 64). There is a trade-off between
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the partition-based processing and memoization effectiveness.
When the graph is cut into small partitions, the memoization
effectiveness is high but the underlying partition-based pro-
cessing provided by ForkGraph would be slow because there
are significantly more graph operations to handle during the
processing of a graph data with more partitions than those
with fewer partitions.

Second, we can see that selecting the wrong partition size
could result in a severe performance drop. For example, when
dividing the Us graph into 256 partitions, the system could
consume nearly 2x time than the case where the performance
is almost as good as ForkGraph. This is the major motivation
to have the optimizer in KGraph. It does not guarantee the
configurations of the best performance, but it helps the users
to avoid those poor cases.

Here we report the effects using different graph partion
methods in Figure 13. We run SSWP on all graphs except
Uk since it exceeds 3 hours runtime limit. Here the number of
partion is fixed to 8 and we compare the 4 popular partition
algorithms Hash [1], Ldg [1], Fennel [1] and Metis, the first
three are graph streaming algorithms. From Figure 13, we
can clear see that when graphs are not large, Metis can
achieve good performance compared to streaming algorithms.
However, in large graphs, since we use chunk partiton to
replace the metis that runs slowly, the chunk-based partition
perform worse than others. Besides, hash methods allways
has the lowest speedups. We present the effects of different
graph partitioning methods in Figure 13 and Figure 14. We
ran SSWP on all graphs except Uk, as it exceeded the 3-hour
runtime limit. The number of partitions was fixed at 8, and
we compared four popular partitioning algorithms: Hash [1],
LDG [1], Fennel [1], and METIS. The first three are streaming
algorithms. As shown in Figure 13, METIS performs well on
smaller graphs compared to streaming algorithms. However,
for large graphs, since we use chunk partitioning to replace
METIS due to its slower runtime, the chunk-based partitioning
performs worse than the otherss, producing partitions with the
highest number of inter-partition edges, as shown in Figure 14.
Additionally, the hash method consistently shows the lowest
speedups.

E. Effects of Pivot Selection

Finding (3) : The optimizer picks the effective configuration
for pivot selection as shown in Figure 15, 16 and 17.

There are two major configurations in the pivot selection
of KGraph. One is the number of pivot queries selected and
the other one is the strategies of pivot selection. In this part,
we first evaluate the effects of performance by adjusting the
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Fig. 15: Speedups on handling PPRs with different numbers
of pivots selected.
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Fig. 16: Runtime breakdown. Additional memory usage and
workload reduction for evaluating PPRs on Eu by varying the
number of pivots.

number of pivot queries while keeping the same strategies used
in Table II. We then study the performance of KGraph with
different pivot selection strategies while fixing the number of
pivot queries.

Number of pivots queries. We use concurrent PPR queries
as an example to discuss the effects of the number of pivot
queries selected. We use « to denote the normalized number
of pivots. For example, when o = 1, we use the same setting
as the experiments in Table II; when o = 0.1, we use 10% of
the pivots. Figure 15 presents the speedups of KGraph over
ForkGraph with different numbers of pivots selected.

We can make several insights from the figure. First, the
query processing on road networks benefits greatly from mem-
oization, which is also sensitive to configurations as they can be
affected a lot compared to the processing on social networks.
Basically, selecting all the boundary vertices as pivots (o = 1)
significantly reduces the intra-partition traversal, which thus
exhibits the efficiency compared to other settings.

Second, we observe that not all configurations bring positive
performance improvements over ForkGraph. For example, we
can see that when we only select 10% of the boundary vertices
(the leftmost dot), the performance of processing is poor. The
reasons are twofold: 1) having fewer pivot queries means there
are fewer chances to hit a pivot vertex, and 2) in order to
improve memory efficiency, KGraph operates on a graph with
smaller partitions. However, this is not favorable for partition-
based processing due to the high scheduling overhead.

Third, memoizing more pivot queries can bring higher
overheads. This observation is valid on both road and social
networks. The major reason is that the benefits of performing
more memoization are lower than the overhead it brings. For
example, once we have already selected all the boundary
vertices as pivots, getting more other pivots would be redun-
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Fig. 17: Speedups and normalized pivot hit ratio in evaluating
Deepwalk using different pivot selection strategies.

dant; when processing queries on social networks, the benefits
brought by the top high-degree vertices are much better than
the other high-degree vertices at the second tier. Therefore,
the benefits could be marginal. We can see that although the
optimizer may not provide configurations to achieve the best-
case performance, the configurations are usually sufficiently
good in practice.

Microbenchmark. Our findings can be further corroborated
through a detailed microbenchmark, as shown in Figure 16.
This figure breaks down the overall running time into memo-
ization of pivot queries and evaluation of concurrent queries. It
also details additional memory overhead (a ratio to graph size)
for pivot query memoization and the workload reduction ratio
(in the PPR case, calculated as the ratio of the total saved walk
length upon hitting a pivot to the total required walk length).
The figure illustrates that with a small number of selected
pivots (o < 1), both the runtime for memoizing pivots and the
saved walk length increase linearly with ««. However, for larger
a values (a > 1), the lower degree of newly memoized pivots
leads to a smaller increase in memory usage. Nevertheless, the
benefits are negated due to the introduction of more redundant
pivots and a higher LLC miss ratio.

Pivots selection strategies. Figure 17 presents the speedups
of KGraph over ForkGraph and the normalized pivot hit ratio
using different strategies to select pivot queries. To avoid the
case where both S3 and S6 select all the boundary vertices
on road networks, we keep the numbers of the pivot queries
in these cases at 80% of the settings in Table II. Thus,
we can make a fair comparison of the differences between
the randomly selected boundary pivots and the boundary
pivots with high degrees. We also discovered some interesting
findings from the results.

First, selecting high-degree vertices (S4 and S5) always
shows a much better performance than other strategies. This
can be observed especially on social networks which have a
power-law degree distribution. The reason is that the chances
of paths and walks visiting high-degree vertices are much
higher than other vertices. Second, selecting boundary vertices
(S3 and S6 ) demonstrates better performance compared to
randomly selecting pivots. This can be observed in social
networks where S3 and S6 have the second highest hit ratios
compared to S4 and S5. The hit ratios on road networks are
relatively low. This is because road networks usually have
large graph diameters, and in PPR, the walk may teleport
back to the source vertex, making it rare for the walk to cross
partitions and visit boundary vertices.

Memory overhead of pivot queries. We evaluate the memory

TABLE III: Pivot memory usage (% of graph size).

Apps 0.1 0.4 0.7 1.0 1.3 1.6 1.9 22
SSSP 0.7% | 6.4% |13.3% | 19.5% | 25.3% | 30.8% | 36.1% | 41.4%
SSWP 0.8% | 7.4% |153% | 22.4% | 29.1% | 354% | 41.5% | 47.6%
SSR 0.6% | 7.6% |16.7% | 24.8% | 32.3% | 39.4% | 46.4% | 53.5%
DeepWalk |2.0% |32.5% | 84.7% | 141.6% | 201.1% | 262.0% | 322.6% | 384.4%
PPR 1.7% | 27.6% | 72.0% | 120.4% | 170.9% | 222.7% | 274.2% | 326.8%

TABLE IV: Speedups on synthetic graphs.
Density 10K 100K M 10M 100M

i Ligra* | KGraph | Ligra* | KGraph | Ligra* | KGraph | Ligra* | KGraph | Ligra* | KGraph

2 1.0 1.4 1.3 2.5 3.7 8.6 4.5 20.2 6.3 28.4
4 1.1 1.6 1.5 2.9 3.8 8.8 4.7 21.1 6.7 30.1
8 1.2 22 1.7 35 3.8 8.7 4.8 222 6.8 325
16 1.4 2.7 2.6 5.8 3.9 14.0 5.1 237 6.9 353
32 1.8 3.7 3.4 7.8 4.2 16.8 5.3 26.8 7.0 41.7
64 23 4.9 4.1 9.6 4.6 20.8 5.4 30.7 7.9 49.4

overhead incurred by pivot queries under varying numbers of
pivots, as shown in Table III. The table reports the memory us-
age of memoized pivot queries as a percentage of the original
graph size for different applications and normalized numbers
of pivots («). From the table, we observe that the memory
overhead increases with the number of pivots selected. For
traversal-based queries such as SSSP, SSWP, and SSR, the
memory overhead remains relatively modest, ranging from
0.6% to 53.5% of the graph size as « increases from 0.1
to 2.2. In contrast, for random walk-based queries such as
DeepWalk and PPR, the memory overhead is significantly
higher, exceeding the size of the graph when « is greater
than 1.0. These results indicate that the memory overhead of
memoizing pivot queries is more pronounced for random walk-
based applications compared to traversal-based applications.
This is due to the nature of random walks, where memoized
paths from pivot vertices need to store sequences of vertices
or edges, resulting in higher memory consumption.

F. Performance on Synthetic Graphs

Finding (4) : KGraph shows a better scalability on large
graphs than the baselines on synthetic graphs.

In this part, we evaluate the scalability and performance
of KGraph on synthetic graphs of varying sizes and densities
generated using the R-MAT graph generator. These synthetic
graphs, which were also used in Section III, range from 10,000
to 100 million edges and have edge densities from 2 to 64.

We compare KGraph with two baselines: Ligra and Ligra*.
Ligra* is a modified version of Ligra that applies memoiza-
tion using randomly selected queries. Table IV presents the
speedups of Ligra* and KGraph over Ligra across different
graph sizes and densities. We observe that KGraph consistently
outperforms the ligra, with the speedup increasing as both the
graph size and density grow. For example, on a graph with
100 million edges and a density of 64, KGraph achieves a
speedup of 49.4x compared to the baseline. This indicates that
KGraph scales more efficiently on larger and denser graphs.
In contrast, Ligra* shows only marginal improvements with
its use of random pivot queries.

To understand the source of these performance gains, we
examine the operation reduction ratios in Table V. These ratios
represent the percentage reduction in the number of operations



TABLE V: Operation reduction ratios on synthetic graphs.

Density 10K 100K M 10M 100M

Ligra* | KGraph | Ligra* | KGraph | Ligra* | KGraph | Ligra* | KGraph | Ligra* | KGraph
2 1.1% | 1.6% | 33% | 58% | 6.2% | 21.4% |16.3% | 55.2% |28.7% | 61.3%
4 2.3% | 31% | 2.6% | 47% | 64% | 22.1% |17.2% | 58.1% |29.9% | 63.8%
8 35% | 62% | 21% | 3.9% | 53% | 18.2% |16.2% | 54.5% |28.4% | 60.7%
16 | 53% | 92% | 3.9% | 82% | 6.8% | 17.4% |14.1% | 47.7% |27.4% | 58.7%
32 | 47% | 82% | 45% | 93% |12.5% | 16.1% |13.7% | 38.3% |24.6% | 53.1%
64 | 58% | 10.1% | 58% | 12.0% |13.5% | 15.8% |153% | 30.7% |21.9% | 47.8%

when memoization is enabled compared to when it is disabled.
KGraph demonstrates significantly higher operation reduction
ratios than the ligra*, especially on larger graphs. For instance,
on the 100 million edge graph with density 64, KGraph
reduces the number of operations by 47.8%, whereas the
baseline only achieves a 21.9% reduction. This substantial
reduction in computational workload explains the superior
performance of KGraph.

G. Case Study

In our case study, we applied KGraph to manage concurrent
Grab taxi hailing in Jakarta, showcasing its memoization effec-
tiveness and efficiency. We utilized a detailed map of Jakarta
from OpenStreetMap with 3.9 million vertices and 4.2 million
edges. Our evaluation focused on SSSP for 113 queries during
the first five seconds at 12 PM on June 10, 2021, executed via
a sequential algorithm. Figure 18a illustrates the distribution of
pick-up points (displayed partially for clarity) and highlights
the significant overlap in evaluation results. Here overlaps
pertain to the state updates in SSSP, leading to considerable
lag (6519ms) in hailing queries, which markedly impacts
user experience. Applying KGraph for this case significantly
alleviated these issues. As depicted in Figure 18b (where pick-
up points are omitted as they do not affect pivot selection),
KGraph partitioned the Jakarta map into five sections, aligning
closely with the city’s five administrative regions. Utilizing
the decision tree, KGraph adopted Strategy 6 and memoized
all 1,944 boundary vertices as pivots. Each pivot store the
shortest distances and paths to a number of nearby locations
within its corresponding partition, which can be reused for
hailing queries. This approach drastically minimized overlap
during query evaluations, reducing the total runtime to 725ms
(8ms for memoization), which is a duration well within the
acceptable range for real-time taxi hailing services.

VII. RELATED WORK

CGQ processing has been used to solve a wide range of graph
applications, including BC [15], [41], PLL [2], DeepWalk [34],
Node2Vec [18], ACO [13], and many others. With the need to
handle CGQs efficiently, we have witnessed a few works pro-
posed recently. Hauck et al. [20] perform experimental studies
on executing CGQs. Their research explores the inter- and
intra-parallelism in handling diverse types of graph queries by
assigning different threads to separate instances of Galois [31],
a graph processing framework. Those systems have overlooked
the sharing opportunities among CGQs.

Researchers have presented more specific graph processing
frameworks and systems for handling CGQs [30], [37], [42],
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Fig. 18: Comparative analysis of taxi hailing patterns and
query overlap reduction in Jakarta with KGraph.

[47]. Moreover, most of them tend to leverage sharing oppor-
tunities among different queries. Most systems fail to exploit
the memorization opportunities among CGQs.

Graph Data Sharing. Zhang et al. [50] propose a disk-based
graph processing system called CGraph to execute multiple
and heterogeneous queries simultaneously. Zhao et al. [53]
propose GraphM, a storage system that efficiently handles
consolidated, out-of-core CGQs. Both CGraph and GraphM
divide the graph into partitions and prioritize the partition to
process with the most pending graph operations to maximize
the utilization ratio of each partition. As introduced previously,
ForkGraph also leverages graph data sharing. Different from
disk-based graph processing systems, ForkGraph maximizes
the graph data sharing at the cache level. When ForkGraphs
handles the graph operations in an LLC-sized graph partition,
all the accesses are expected to be limited within the cache.

Hardware Resources Sharing. Sun et al. [37] propose Thun-
derRW, a random-walk engine. The authors present a novel



step-interleaving technique that breaks down the random walk
operation into multiple stages. Pan et al. [32], [33] profile
graph queries offline, collecting their memory bandwidth
consumption and atomic operation characteristics. Based on
this profiling, they schedule the utilization of computational
resources to mitigate hardware blocking caused by heavy
resource contention during the processing of CGQs.

Computation Sharing. Then et al. [40] proposes MS-BFS to
accelerate concurrent BFS queries using multi-core CPUs.
The authors observe the sharing opportunities among the
explorations of activated vertices when handling graphs with
the small-world property. The MS-BFS shares common com-
putation across queries and mitigates the random memory
accesses. Similarly, Liu et al. [29] propose iBFS to efficiently
process concurrent BFS queries using GPUs. Rather than
visiting vertices individually for each BFS, iBFS employs a
joint frontier queue and utilizes bitwise operations to optimize
GPU memory access. Xu et al. [46] propose SimGQ adopting
the similar idea of finding the shareable subqueries during
the processing of concurrent queries. SImGQ Unfortunately,
SimGQ specifically serve only BFS or SSSP-like queries,
losing the generalities of supporting different algorithms.

VIII. CONCLUSIONS

Concurrent graph query processing is fundamental for a
wide range of graph applications. In this paper, we propose
KGraph, a novel graph processing memoization engine to
efficiently handle CGQs on large graphs. KGraph is proposed
based on our observation that the results of queries have
high overlaps among them. Thus, KGraph first proposes a
fine-grained memoization with adaptive graph partitioning
to reduce memoization overhead. Second, KGraph uses a
decision tree model to strategically select pivot queries for
high memoization effectiveness. Our evaluations on real-world
graphs demonstrate that KGraph achieves significant perfor-
mance improvements over state-of-the-art concurrent graph
query processing systems.
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